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Abstract With the increasing integration of wind farms
and electric vehicles (EVs) in power systems, voltage
stability is becoming more and more serious. Based on
vehicle-to-grid (V2G), an efficient power plant model of
EVs (E-EPP) was developed to estimate EV charging load
with available corresponding response capacity under dif-
ferent charging strategies. A preventive control strategy
based on E-EPP was proposed to maintain the static volt-
age stability margin (VSM) of power system above a
predefined security level. Two control modes were used
including the disconnection of EV charging load (‘V1G’
mode) and the discharge of stored battery energy back to
power grid (‘V2G’ mode). A modified IEEE 14-bus system
with high penetration of wind power and EVs was used to
verify the effectiveness of preventive control strategy.
Simulation results showed that the proposed strategy can
not only improve the static voltage stability of power
system with considerable wind generation, but also guar-
antee the travelling comfort for EV owners.
Keywords Electric vehicle (EV), Vehicle-to-grid (V2G),
Efficient power plant (EPP), Preventive control, Static
voltage stability
1 Introduction
The development of ‘‘low-carbon economy’’ is drawing
more and more attention around the world considering the
environment and energy. As a consequence, a number of
countries have taken specific initiatives to decarbonize
their electrical power system and transport sectors [1–4]. In
UK, it is anticipated that a large proportion of renewable
energy is wind energy. There may be up to 30 GW wind
generation of 100 GW total generation capacity serving
around 60 GW load by 2020 [5, 6]. In order to realize the
target of reducing emissions from domestic transport sector
by 14 % by 2020, the UK government has supported EV
trials with the anticipation that EVs will play a major role
in future transport sector [7–9].
According to the large scale penetration of renewable
energy generation from intermittent resources, especially
wind power, it is fundamental that the electric system is
able to appropriately compensate the effects on the vari-
ability and randomness of wind energy. Among all the
issues caused by the intermittency of wind power, voltage
stability is a main constraint for the further development of
low-carbon power system [10, 11].
A lot of studies have been carried out to analyze the
voltage stability integrated with wind generation. The
impact of wind power with high penetration on the voltage
stability of power system was analyzed in [12, 13]. A
strategy was proposed in [14] to coordinate the reactive
power of variable-speed wind generators and other reactive
controllers for static voltage stability enhancement which
may limit the output of wind power. Battery energy storage
system (BESS) was used for regulating the wind power
variation to improve the voltage stability of power system
[15]. However, as BESS is expensive, its economic benefits
for wide deployment are still in question. Although the
application of static synchronous compensator can improve
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the voltage stability of power system with wind farms,
large scale adoption of these kinds of devices is not eco-
nomical and practical until now [16–18].
With the support from modern communication and
control system, EVs can not only act as a rapid response
load of power system, but also support the security oper-
ation of power system as a new kind of energy storage
system [19]. A real-time scheduling method of EV charg-
ing load was proposed to increase voltage security margin
in a low-voltage distribution system, but the energy stored
in EV batteries was not fully utilized [20]. In [21], EVs
were used to provide the voltage support of power system
with the integration of photovoltaic power generation,
which demonstrates the feasibility of using EVs for voltage
control with intermittent renewable energy. However, these
studies are unable to fully consider the transportation
behaviors of EV owners, which lead to a spatial and tem-
poral distribution of EV charging load and available
response capability.
In this paper, an efficient power plant of EVs (E-EPP)
was developed to determine the maximum/minimum
available response capacity of EVs from a spatial and
temporal perspective, considering the travelling comfort of
EV owners. A preventive control strategy based on E-EPP
was developed to fully utilize the vehicle-to-grid (V2G)
capability of EV aggregation along a day, which can not
only effectively improve the static voltage stability, but
also reduce the emission of carbon dioxide by supporting
the integration of wind farms in a power system. The rest
of paper is organized as follows. The framework of pre-
ventive control strategy is introduced in Sect. 2. Section 3
develops E-EPP model considering the travelling behaviors
of EV owners. The preventive control strategy is given in
Sect. 4. In Sect. 5, simulations are carried out on a modi-
fied IEEE 14-bus system integrated with the high pene-
tration of EVs and wind generation to verify the
effectiveness of proposed preventive control strategy. The
reduction of carbon dioxide emission is calculated. Con-
clusions are summarized in Sect. 6.
2 Framework of integrating EVs for preventive control
2.1 Traditional preventive control for static voltage
stability
In conventional power systems, when load demand
approaches or even exceeds its transfer limit, voltage
instability/collapse happens at the heavy-duty point. With
the integration of large wind farms, the transmission mode
of power system may be changed on the receiving end. The
intermittent output may cause transmission congestion
problems. Besides, while sending out active power, wind
farms usually absorb considerable reactive power from
power system [22]. However, wind power will cause sig-
nificant impact on voltage stability.
In order to analyze the voltage stability, SGL ¼ SG [ SL
is used as the power injection vector; SG ¼ PGc [ QGcð Þ [
PGw [ QGwð Þ is the corresponding power injection vector
of conventional generators and wind farms; SL¼PL [ QL is
the power injector of loads; PGc and QGc are the active and
reactive power injection vectors of conventional genera-
tors, respectively; PGw and QGw are the active and reactive
power injection vectors of wind farms, respectively. The
operating status x is determined by SGL as described as
f x; SGLð Þ ¼ 0
g x; SGLð Þ 0
(
ð1Þ
where f is the load flow equation; g is the system operating
constrain equation. If x yielded by (1) also satisfies (2), the
system is said to be static voltage stability. While, if x
satisfies (1) as well as (3), the system is at the critical point
of static voltage stability.
det f xð Þ 6¼ 0 ð2Þ
det f xð Þ ¼ 0 ð3Þ
where fx is the Jacobian matrix of load flow equation. k is
introduced to evaluate static voltage stability margin
(VSM), which can be determined by continuous power
flow (CPF) according to the direction of load growth and
generation dispatch mode [23, 24]. In order to prevent
voltage stability, retaining large enough k under different
contingencies is necessary.
Preventive control is a main means to maintain power
system operating above a minimum voltage stability mar-
gin (kcr) under the increased uncertainty brought on by the
integration of intermittent renewable generation, such as
wind power. Usually, the traditional preventive control of
power system for voltage control is divided into three
stages, where if the previous stage is effective, the latter
stage can be avoided.
Stage I: Adjusting the generator terminal voltage, shunts,
and on-load tap changer.
Stage II: Considering the re-dispatching generator active
power.
Stage III: Dispatching the load shedding.
The arrangement of above three stages aims to guarantee
an uninterruptible power supply to end-users while taking
the cost of control into account. Therefore, load-shedding
is traditionally regarded as the last means of avoiding
voltage collapse. However, this situation has been signifi-
cantly changed as the V2G capability from EVs was
introduced. Active participation based on the voluntary of
EV owners will show lower control cost and higher
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efficiency, which can be used as an efficient power plant to
participate in stage II for voltage control. In this paper, a
preventive control strategy for static voltage stability using
EVs is investigated. It is assumed that the capacity of stage
I has been ran out, thereby only the capability of E-EPP
provides static voltage control requirements.
2.2 Framework of preventive control using E-EPP
The framework of preventive control strategy based on
E-EPP is shown in Fig. 1.
Power system dispatch center (PSDC) provides a valuable
system-level metric for the minute-to-minute decision to
ensure service consistency. One role of PSDC is to obtain the
static voltage stability margin (k) associated with the current
operating point (distance to voltage collapse), and compute
credible contingencies with respect to predefined load
directions. CPF is used to compute the VSM of power system
[25]. Also, the preventive control strategy is implemented in
PSDC for static voltage control of power system.
E-EPP is an aggregate model of a large scale of geo-
graphically dispersed EVs connected to power system with
V2G power electronic interface. Although the available
response power capacity of a single EV is relatively small,
the aggregate capacity of all EVs managed by E-EPP is
considerable. E-EPP can serve as an intermediary between
EVs and PSDC. On one hand, E-EPP estimates EV
charging load with the corresponding available response
capacity under different charging strategies. On the other
hand, E-EPP is responsible for managing EVs charging/
discharging process of voltage control considering the
travelling comfort level of EV owners.
When a voltage contingency happens, E-EPP receives
the control signals from PSDC. According to the pre-
ventive control strategy, part of EV charging loads are shed
from power system (‘V1G’) or even discharge the stored
energy back to grids (‘V2G’). Battery state-of-charge
(SOC) is used as an indicator for E-EPP to select EV
candidates for responding the control signals given by
preventive control strategy considering the travelling
preference of EV owners. The battery SOC information is
obtained via smart meter (SM) and charging point man-
agement system (CPM). Then the SOC information flow is
transmitted to E-EPP control center for preventive control.
Fig. 1 Integration of EVs for preventive control based on E-EPP
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3 Efficient power plant model of aggregate EVs
3.1 A generic battery model for EVs
A generic battery model (GBM) is firstly developed to
describe the charging/discharging characteristics of various
EV batteries. As shown in Fig. 2, GBM is a simple con-
trolled voltage source in series with a constant resistance.
The model uses only SOC as a state variable in order to
accurately reproduce the manufacturers’ curves for four
major types of batteries (lead-acid, lithium-ion, nickel-
cadmium and nickel-metal-hybrid batteries), which are
commonly considered as the most promising EV batteries
in the future EV market [26].
The battery terminal voltage Vbatt is described as
Vbatt ¼ E0  K
KSOC










where KSOC is the value of SOC; E0 is the constant battery
voltage; K is the polarisation voltage; Q is the battery
capacity; I is the charging current; A is the exponential
zone amplitude; B is the exponential zone time constant
inverse; R is the internal resistance.
Assuming a constant charging current I to simplify the
integral part, the charging power P is shown as
P ¼ E0I  KI
KSOC
þ AI exp BItð Þ  RI2 ð6Þ
There are only a few parameters in the proposed GBM.
Once the parameters of battery type and capacity are
determined, SOC and charging power can be obtained in
real time by using this GBM.
3.2 Formulation of E-EPP
Considering the travelling behaviors of EV owners,
E-EPP is established to evaluate the response capacity of
EVs along a day for voltage control. Several uncertainties
are considered in this formulation, such as battery type,
capacity, energy consumption, daily travelling distance,
travelling time and the minimum desired battery SOC for
travelling requirement.
3.2.1 EV classification
In the formulation of E-EPP, EVs are classified into the
following two groups.
Based on the use of transportation, EVs are classified into
three types, i.e., home-based-work (HBW), home-based-other
(HBO) and non-home-based (NHB). Their proportions in UK
are 61 %, 30 % and 9 %, respectively [27]. This classification
is used to obtain EV daily travelling distance and time.
According to vehicle types, EVs are classified into four
types, i.e., L7e, M1, N1 and N2, and their proportions are
1.49 %, 87.51 %, 10 % and 1 %, respectively [28]. This
classification is used to obtain the battery type, capacity
and energy consumption per kilometer of a single EV.
3.2.2 Battery type, capacity and energy consumption
Based on the market survey data of various battery types
(Bt) in UK, the proportions of four promising EV batteries,
i.e., lead-acid batteries, lithium-ion batteries, nickel–cad-
mium batteries and nickel-metal-hybrid batteries, are
20 %, 50 %, 10 % and 20 %, respectively [28]. According
to the type of EVs, the distributions of battery capacities
(Qv) are shown in Table 1 [29], and the parameters in the
distributions are further defined by (7) of Gamma distri-
bution and (8) of normal distribution.
















Meanwhile, the distributions of EV energy consumption
(Ce) are shown in Table 2 [28].
Fig. 2 The generic battery model of EV batteries
Table 1 Distributions of EV battery capacities
Type Distribution Parameters Min (kWh) Max (kWh)
L7e Gamma a = 10.8; b = 0.8 3.0 15.0
M1 Gamma a = 4.5; b = 6.7 10.0 72.0
N1 Normal l = 23.0; r = 9.5 9.6 40.0
N2 Normal l = 85.3; r = 28.0 51.0 120.0
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3.2.3 Daily travelling distance and time
Based on the use of transportation (HBW, HBO and
NHB), daily travelling distance d follows a normal distri-
bution, which is expressed as










where ld is the mean daily travelling distance; rd is the
standard deviation. For HBW and HBO vehicles,
ld = 35.9 km, rd = 19.6 km. While for NHB vehicles,
ld = 87.1 km, and rd = 24.5 km [27].
Daily travelling time has close relationship with the
transportation behaviors of EV owners. The distributions of
starting travelling time (ts) and finishing travelling time (tf)
are shown in Fig. 3 [29].
3.2.4 Formulation of E-EPP
1) Determine Bt, Ce and Qv of a single EV
For a single EV, a Monte Carlo simulation (MCS)
method is used to obtain Bt based on the proportion of
previous four EV batteries, also Ce and Qv depending on
the distributions in Tables 1 and 2, respectively.
2) Obtain the parameters in GBM
It is assumed that EV battery charging process is
reversible. The power sent back to grid by an EV is
assumed as a constant while providing voltage control, and
it is equal to the power absorbed by the same EV before
controlling. Once Bt and Qv were determined in step 1, the
other parameters in GBM are deduced from the discharging
curves supplied by manufacturers [26]. Then the charging
process consisting of charging power (P) and SOC is
obtained via GBM.
3) Determine d and charging starting time
The daily travelling distance is obtained by (9) with a
MCS process. The charging time tsc of an EV battery is
determined by daily transportation behavior and the
charging strategies. Three charging strategies are consid-
ered in the formulation of E-EPP.
a. Dumb Charging:
In dumb charging, it is assumed that all EVs start to
charge as soon as their daily trips are finished. Therefore,
tsc is equal to tf which is determined by the distributions
shown in Fig. 3b.
b. Smart Charging:
It is envisaged that there will be an active management
system based on two hierarchical control structures by an
Aggregator and the system operators (TSO/DSO), respec-
tively. Furthermore, it is assumed that EV charging is
controlled according to the Aggregator’s market negotia-
tions or the need of system operators. Smart charging is
described by (10) with lsc (1:00) and rsc (5 h) [29].
Compared with ‘‘dumb’’ charging, the model of ‘‘smart’’
charging represents the shift of EV charging load from the
system peak demand time to the valley hours.











Hybrid charging is a charging strategy with 50 % of the
EVs adopting dumb charging and the remaining 50 %
following smart charging.
4) Determine the initial SOC when an EV starts to
charge
Table 2 Distributions of energy consumption per kilometer
Ce (kWh/km) L7e M1 N1 N2
0.05–0.10 0.34 0.05 0.00 0.00
0.10–0.15 0.58 0.35 0.29 0.00
0.15–0.20 0.08 0.45 0.14 0.00
0.20–0.25 0.00 0.15 0.57 0.00
0.45–0.50 0.00 0.00 0.00 0.50
0.50–0.55 0.00 0.00 0.00 0.25
0.80–0.85 0.00 0.00 0.00 0.25
Fig. 3 EV travelling time distributions of HBW, HBO and NHB
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Assuming SOC drops linearly with the travelling dis-






where KSOC0 is the value of SOC0; dt is the maximum
travelling distance and dt = Qv/Ce; d is SOC of a single EV
before travelling, and it varies uniformly within [0.8, 0.9]
to maintain the lifetime of a battery [28].
5) Determine the response state of an EV
Assuming a minimum desired SOC (KSOCe ) (for satis-
fying the travelling requirements of EV owners) is 60 %.
For an individual EV of EVi, the charging state at time
t (gi,t) is determined by (12). If gi,t is 0, the charging EVi is
not controllable. If gi,t is 1, the charging EVi can be
selected to charge, stop charging (‘V1G’) or discharging
(‘V2G’). While if gi,t is 2, the idle EVi can be selected to








6) Based on the MCS process, steps 1–5 are repeated
n times for n EVs. The real-time charging power (PE-EPP,t)
is obtain by (13). The upper available response boundary
(Pupper,t) and lower available response boundary (Plower,t)




























where Pi,t is the charging/discharging power of EVi at time
t; lt is the number of EVs when gi,t is 0; mt is the number of
EVs when gi,t is 1; st is the number of charging EVs among
the mt EVs (st is obtained by the EV charging state infor-
mation of E-EPP control center); nt is the number of EVs
when gi,t is 2.
4 Preventive control strategy based on E-EPP
In this section, a preventive control strategy for static
voltage stability is proposed based on the E-EPP. During a
voltage contingency, the available capacity of the E-EPP is
fully utilized for voltage control considering the travelling
comfort constraints of EV owners. Active Participation
Factor (APF) is used in the preventive control to determine
the optimum bus to response to the voltage event.
4.1 Bus response order based on APF
In this preventive control strategy, APF is used to
determine the optimum load bus response order of power











where DP is the active power variations of the buses; DQ is
the reactive power variations of the buses; Dh is the voltage
angle variations of the buses; DV is the voltage magnitude
variations of the buses; JPh, JPV, JQh and JQV are Jacobian
sub-matrices representing the sensitivities of active and
reactive power to voltage angle and magnitude,
respectively.
During the CPF process, the Jacobian matrix J is
obtained at the critical operating point of the system as
J2NPQþNPV ¼ UKC ð17Þ
The first (NPV?NPQ) elements of the right and left
eigenvector associated to the critical eigenvalue of J are
defined as APF of all buses in the system. In this paper,
EVs charging at load bus with the largest APF will be
firstly selected to respond to the voltage events in the
preventive control strategy.
As the operation status of power system (such as the
load level) fluctuates with time, the load bus response order
is changed dynamically.
4.2 Preventive control strategy based on E-EPP
The SOC is a key indicator to select the satisfied EVs for
static voltage stability response in the preventive control
strategy. Considering the minimum desired SOC for trav-
elling of EV owners, EVs with high SOC level will par-
ticipate in the control strategy firstly. The successive steps
of the preventive control strategy are listed as follow.
1) Based on the CPF process, compute the VSM (kt) of
power system in real time.
2) If kt C kcr, voltage is stable, calculate k for next time.
If kt \ kcr, the voltage enters an emergency state, pre-
ventive control from EVs is started, go to next step.
3) Obtain the APFs, and queue the load buses by the APF
values from high to low. According to the E-EPP model,
evaluate the available response capacity of EVs at each load
bus under ‘V1G’ and ‘V2G’ modes, respectively.
4) If there are existing available ‘V1G’ EVs for pre-
ventive control, go to step 5. Otherwise, go to step 6 for
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‘V2G’. If EVs for ‘V1G’ or ‘V2G’ are unavailable, some
emergency methods (such as load shedding) are taken for
voltage stability control.
The SOC threshold l (lmin B l B lmax) is used to select
satisfying EVs with KSOC C l to respond to voltage events,
and lmax (lmin) is the upper (lower) boundary, where lmin is
equal to KSOCe for satisfying the travelling demand of EV
owners.
5) Among all the load buses having connected EVs with
KSOC C l, determine the bus with the highest APF, and the
satisfying EVs connected to this load bus stop charging for
preventive control.
If system still exists charging EVs with KSOC C l, go to
step 1. Otherwise, l = l - Dl C lmin, where Dl = a(kcr - kt)
(a is a control coefficient).
6) Among all the load buses having connected EVs with
KSOC C l, determine the bus with the highest APF, and the
satisfying EVs connected to this load bus discharge stored
energy back to grid for preventive control.
If system still exists EVs with KSOC C l, go to step 1.
Otherwise, l = l - Dl C lmin, where Dl = a (kcr - kt).
Taking a system with five load buses (N1, N2, N3, N4
and N5) as an example, and assuming the relative APF
value at time t is N1 [ N2 [ N3 [ N4 [ N5, the ‘V1G’ or
‘V2G’ response order with a constant Dl = 5 % is shown
in Fig. 4.
If all the EVs for ‘V1G’ or ‘V2G’ service recharge
simultaneously after the voltage event, there will be a
sudden drop on the system VSM. Therefore, the gradual
recharging strategy based on temporal-spatial distribution
is also proposed. When the VSM is higher than khigh, the
EVs will connect to power system for recharging based on
the opposite order of preventive control until the VSM is
lower than klow, where khigh [ klow [ kcr. Taking the same
system as an example, the recharging order after preventive
control is shown in Fig. 5. As a result, the EV with lower
SOC level can be recharged firstly, which can improve the
travelling comfort level.
5 Case study
In this section, a modified IEEE 14-bus system with
wind farms (GW3, GW6 and GW8) is used to illustrate the
preventive control strategy, as shown in Fig. 6.
The system is divided into three function zones: resi-
dential, commercial and industrial zones. Figure 7 gives
the load profiles during one day in different zones, which is
provided by UKGDS [30].
It is assumed that the wind farms GW3, GW6 and GW8
are composed of doubly fed generators. A typical output of
wind power during one day in UK is shown in Fig. 8
[30].
In this modified IEEE 14-bus system, the peak load is
397.05 MW, which is 0.58 % of the UK peak electric
demand [31]. The EV numbers in different zones are
shown in Table 3, which also account for 0.58 % of all
EVs in UK [32].
Assuming EV charging facilities have been set up, the
EV number at each load bus depends on the proportion of
its initial load (without EV charging loads). To illustrate
the available capacity of aggregate EVs, the E-EPPs under
three charging strategies at bus 10 along a day are shown in
Fig. 9.
Comparing dumb charging with smart charging, it is
clear that the peak charging load is shifted from 18:00 to
01:00. Hybrid charging is a compromised strategy between
dumb and smart charging. To compare and analyze these
three charging strategies, the VSM (k) is shown in Fig. 10.
Under dumb charging, the peak charging load is in coin-
cidence with the initial peak load, and it is easy to see that
the system VSM is lower than kcr from 17:00 to 23:00.
To verify the effectiveness of the preventive control
strategy, it is defined that kcr = 2.5, khigh = 3.5,
klow = 3.3, lmin = 60 %, lmax = 85 % and a = 0.12.
Taking dumb charging as an example, the VSM results of a
typical day before and after preventive control are shown in
Fig. 11.
From 8:00 to 11:00, a line outage happens on line 6–11,
and the VSM of power system decreases below kcr sud-
denly. As shown in Fig. 9a, the available response capacity
Fig. 4 Response order of ‘V1G’ or ‘V2G’ in the preventive control
Fig. 5 Recharging order in the preventive control
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for ‘V1G’ is rather small during this period. But there are
EVs which have completed their charging process, and still
connecting to the power system. These EVs are available
for ‘V2G’ control.
Fig. 6 The modified IEEE-14 bus system
Fig. 7 Load profile of different zones for one day
Fig. 8 Wind generation for one day
Table 3 EV numbers for different function zones
Zones HBW HBO NHB All EV groups
Residential 100650 49500 0 150150
Commercial 0 0 2500 2500
Industrial 0 0 12400 12400
Total 100650 49500 14900 165050
Fig. 9 The E-EPP with available response capacity along a day at
bus 10
110 Mingshen WANG et al.
123
While from 17:00 to 21:00, because of a loss of the wind
generation and the peak charging load of EVs, the system
VSM falls below kcr. Although the charging load of EVs
during this period is large, only ‘V1G’ control cannot
restore the VSM higher than kcr, as the curve of ‘V1G’
control with no recharging shown in Fig. 11. ‘V2G’ is
further needed for voltage stability control of power system
compared with the curve of ‘V2G’ and gradual recharging
in Fig. 11 during this period.
If all the EVs for ‘V1G’ and ‘V2G’ service recharge
simultaneously, there will be a sudden drop of the system
VSM at 22:30 as shown in Fig. 11. Under the gradual
recharging strategy based on special-temporal distribution,
this recharging strategy will ensure smaller fluctuations on
voltage as the profile of ‘V2G’ and gradual recharging
shown in Fig. 11 during 22:00 to 00:00 and 00:00 to
02:00.
Then to further introduce the process of preventive
control strategy, the E-EPP response profile at bus 10 after
control is shown in Fig. 12.
As depicted from the above results, using EVs for the
preventive control of power system can significantly
relieve the static voltage stability issue caused by the wind
farms, which can support the integration of wind farms and
low-carbon economy. For example, according to the car-
bon dioxide emission factor of thermal power
(kCO2 = 0.9109 kg/(kWh)) and the calculation method
proposed in [33], the emission reduction of carbon dioxide
coming from the wind farms at bus 3, 6 and 8 is 506.55 t
for a typical day. And this will be of significant importance
to the low-carbon economy.
6 Conclusions
In this paper, a preventive control strategy from EVs
based on E-EPP is proposed to maintain static voltage
stability of power system under the V2G concept. The
following conclusions are drawn:
1) EVs have great potential to support the voltage
control of power system. The developed preventive control
strategy can fully utilize the V2G capability of the EV
aggregation along a day, which can effectively improve
static voltage stability of power system. However, the
contribution from EVs has an obvious temporal distribution
along a day, which has close relationship with charging
strategies.
2) E-EPP is able to determine the maximum/minimum
available response capacity of EVs from a spatial and
temporal perspective under three charging strategies, con-
sidering the travelling comfort levels of EV owners.
3) The gradual recharging strategy can ensure smaller
fluctuations on VSM, which can solve the second distur-
bance problem (caused by sudden increase in EV charging
power) on power system.
4) EVs and wind farms have great effect on the emission
reduction of carbon dioxide, which can promote the low-
carbon economy to some extent.
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